Abstract -150 words, main text -4836 words, supporting information 855 words, citations -83, 13 main text gures -6, supporting gures -6 14 Keywords: biodiversity | macroecology | spatial ecology | metacommunity | ecological structural stability 15 Should this manuscript be accepted all simulation data supporting the results will be archived in a public repository and 16 the data DOI will be included at the end of the article 17
Introduction
between diversity regulation in model metacommunities and the appearance of widely observed macroecological patterns. 60
In spatially unresolved models, the emergence of biodiversity regulation has been observed numerous times (e. By comparing the model's behaviour to analytic predictions developed for spatially unresolved competitive communities 88 (Rossberg, 2013) , we show that intrinsic metacommunity-level diversity regulation can indeed be explained as a consequence of 89 the onset of ecological structural instability at the regional scale. Surprisingly, and potentially very importantly, we nd that, as 90 model metacommunities approach diversity limits, they self organize to reproduce macroecological patterns previously identied 91 as central for the spatial structure of biodiversity (McGill, 2010) : a skewed local and regional distribution of abundances, spatial 92 aggregation of conspecic biomass, and apparent absence of species co-occurrence patterns. In combination, as McGill (2010) 93 argued, these core patterns lead to sub-linear species area relations and other spatial biodiversity phenomena. That a diverse 94 set of well known macroecological patterns emerges in a simple metacommunity model strongly supports the hypothesis that 95 these patterns are indeed indirect consequences of local, niche-based population dynamics and dispersal. 96
Results and discussion Regional-scale, interspecic competition coecients Cij were computed for model metacommunities assembled for a range of parameter combinations, and used to evaluate Eq. (2) (see Regional scale interaction matrices, C below). Comparing the diversity predicted by Eq. (2) with that in the steady state of the simulation, we found that the spatially unresolved analytic 116 prediction explains 95% of variance in the equilibrium species richness in the spatially resolved models ( Fig. 2A) . Furthermore, 117 the spectra of the matrices C approach the origin when the biodiversity equilibrium is reached (Fig. 2B) , just as observed in 118 spatially unresolved models (Rossberg, 2013) . Thus, although an analytic prediction of the structurally unstable diversity limit 119 in the metacommunity case is not available due to the intractability of the full model, we nd strong evidence supporting the 120 claim that ecological structural stability drives diversity regulation at the metacommunity scale. 121
The relationship between local and regional competition coecients is non-trivial and depends on the degree of environmental 122 heterogeneity (see Model landscape, below). Nonetheless, we found the o-diagonal elements of Aij and Cij to be signicantly 123 correlated in metacommunity models at regional diversity limits (p < 0.01, for all parameter combinations). This implies that 124 local ecological interactions propagate to the metacommunity scale and inuence regional diversity patterns (Rabosky and 125 Hurlbert, 2015) . For further discussion see Supporting Information. 126
Local species richness 127
In order to distinguish between local and regional diversity it is necessary to dene some criterion for assessing presence-absence 128 in a local assemblage. We do this in two ways. First by setting an arbitrary limit, equivalent to a detection threshold, of 10 −4 a horizontal asymptote of ∼ 50 once the regional assemblage reached ∼ 300 species. Similar convergence, though with greater scatter, is evident for sink populations, though the asymptote may occur outside of the range studied here. This suggests that 144 local diversity is indeed independently regulated, such that in suciently large regional communities local diversity is eectively 145 independent of the metacommunity-scale parameterization that determines the size of the regional species pool. 146
To explore the mechanism responsible for local diversity regulation we determined, for any given patch, the sub-matrix 147 of A corresponding to the local source populations only. We found that the spectra of these sub-matrices, too, approach the 148 origin of the complex plane. Thus we concluded that structurally unstable dynamics regulate species richness not only at the 149 metacommunity level, but also, independently at the local level (Fig. 3B) , and dene sink populations as the super-saturated 150 component of the local assemblage which depends on non-equilibrium dynamics (mass eects) for persistence. 151
Temporal turnover 152 Stationarity in species richness is a key and unambiguous characteristic of our model metacommunities. Less obvious is the 153 fact that, rather than converging on a near-static,`climax' community, metacommunity composition in our models continuously 154 turns over in response to the slow ux of invaders (Fig. 4A) . Interestingly, on average, local communities turn over faster than 155 the regional metacommunity of which they form a part. This is seen in the rapid decay in community similarity at the local, 156 relative to the regional scale (Fig. 4A ). This might be explained by range contraction and expansion due to regional biotic 157 turnover which occur faster than landscape-scale competitive exclusion. 158
If the invader ux is spontaneously stopped and species are experimentally removed from the metacommunity in increasing 159 order of regional biomass, fast turnover at local scales buers local communities from the diversity losses at metacommunity 160 level (Fig. 4B) . In the example shown in Fig. 4 , a 20% decrease in regional species richness produced only a 13% drop at the 161 local scale on average. It has been estimated that the current rate of global species loss is 100-1000 times the background rate 162 of these three patterns emerges in our model metacommunities in the neighbourhood of regional diversity equilibria (Fig. 5) . 176 Figure 5A shows that at both local and regional scale the SAD are left-skewed log-normal, as observed in communities 177 ranging from marine benthos to Amazonian rain forest (McGill et al., 2007) . The early onset of diversity regulation at the local 178 scale already leads to highly skewed SAD at the regional scale, after which further accumulation of diversity at the regional 179 scale drives the distribution to the left as average biomasses decline. 180
In the early stages of the assembly process, as local diversity accumulates, weak biotic ltering means species disperse across 181 much of their fundamental geographic niche. Once local communities become constrained, regional invasions instead drive an 182 increase in spatial β-diversity, the`regionalization' of the biota (Ricklefs, 2004) , and a corresponding reduction of species ranges, 183 which become highly spatially aggregated. At the metacommunity scale this is seen as a collapse in the RSD as the assemblage 184 approaches regional diversity equilibrium ( Reduction in average range sizes and the corresponding increase in the number of eective interactions with neighbouring 188 populations may increase species' vulnerability to regional extinction (Ricklefs, 2004 ). As such we consider the emergent spatial 189 aggregation in our metacommunity models to play an important role in regional scale diversity regulation. 190
The dependence of RSD on species richness implies a strong impact of ecological interactions on species ranges. Counter-intuitively, 191 however, the vast majority of species pairs show no signicant spatial correlation (Fig. 5C ). As strong regional scale diversity 192 regulation sets in and spatial ranges collapse, the percentage of species pairs for which it is possible to detect non-random spatial 193 correlation drops to near zero, giving the impression of an eminently neutral system. 194
We considered the possibility that this absence of demonstrable spatial correlations is explained by the systemic exclusion of 195 competing species pairs during assembly. However, for fully assembled model metacommunities at the regional diversity limit, 196 non-zero interspecic competition coecients made up 21.528.3% of the elements of the matrix Aij, only 1.78.5% less than (2019) for a spatially explicit food-web model in the light of our observations suggests that the phenomena we observe are not 215 restricted to competitive communities, but may apply to a wider range of ecological models. 216
With this study we set out to assess the degree to which spatially unresolved ecological theory can incorporate the complex 217 spatial processes occurring within model metacommunities. To our surprise, metacommunity models which explicitly incorporate 218 dynamics at both local and regional scales reproduce an unprecedented range of empirically ubiquitous macroecological patterns. 219
Crucially, these patterns result indirectly from the local dynamics, and in the neighbourhood of regional diversity limits. From 220 this observation we conclude that there is an important interaction between the system-scale dynamical process central to the 221 theory of ecological structural stability, and these key macroecological congurations. The spatial decoupling of timescales we 222 observe (Fig 4A) implies that for a metacommunity of suciently large spatial extent regional ecological turnover could occur 223 at time scales comparable to evolutionary or long-term environmental processes (e.g. glaciation cycles), as discussed by Ricklefs 224 (2004) . Because these processes are not include in our model, the`regional' scale we refer to here must be understood as an 225 intermediate spatial scale at which ecological processes operate comparatively fast. 226
If we conclude, on the basis of this and similar studies, that diversity regulation is indeed a common or general feature of 227 ecological communities, this would entail a paradigm shift with important implications for the conservation and management 228 of biodiversity. The assumption that local ecological dynamics have negligible impact on regional biotic distributions is still 229 implicit in the majority of current conservation policies and programs. Species distribution modelling (SDM) is a widely 230 used method for identifying ecological processes and responses of species distributions to environmental change. The basic 231 SDM methodology assumes a comprehensive understanding of current and future climate is sucient to predict range shifts 232 under climate change. Our results suggest that ignoring biotic interactions, even if they cannot be explicitly detected using 233 conventional tools, may strongly undermine the eectiveness of these models (Wisz et al., 2013 ). As such, we suggest that 234 the development and application of more mechanistic distribution modelling (Dormann et al., 2018) should be a priority, that 235 management models might focus on higher levels of biological organisation (e.g. feeding guilds or entire communities), and that 236 designers of conservation and management strategies make a concerted eort to integrate factors relating to diversity regulation 237 in their decision making. 
The system of N × S coupled equations can therefore be written as
with • denoting element-wise multiplication.
265
The rst term on the right hand side of Eq. (3) represents the local dynamics, where Aij are the entries of the spatially 266 unresolved competitive overlap matrix. In simulations, the o-diagonal entries Aij were sampled randomly, with Aij set to 267 0.3 with probability 0.3 and to 0 otherwise. The diagonal entries, representing intraspecic competition, were always set to 268 1. Together, Eq. (2) and Fig. 2 imply that the critical diversity at which a model community converges depends only on the 269 expectation and variance of the regional interspecic interaction coecients. The details of the distribution from which the Aij 270 are sampled do not enter the spatially implicit theory. For interaction matrices with pronounced structure (e.g. food webs), 271 however, the underlying theory breaks down Rossberg (2013) . The impact of the fundamental distribution from which the local 272 interactions Aij are sampled on spatial diversity patterns is subject of ongoing research.
273
The second term on the right of Eq. (3) represents the rate at which biomass of species i emigrates away from patch x, We adopted the community assembly modelling approach rst developed by Post and Pimm (1983) . In each iteration of the 282 algorithm, a new species was added to the metacommunity. Invaders were selected by computing the linear growth rate at low 283 abundance of new species i with randomly generated ecologies (rix and Aij), until a species with positive linear growth rate 284 in at least one patch was found. This was then added to the patch in which its eective growth rate was greatest with a low 285 invasion biomass of 0.01 times the detection threshold of 10 −4 biomass units. During invader testing the competitive impact 286 of the invader on the dynamics of resident species was set to zero, such that resident biomass was unaected, to make sure 287 we capture the invader's linear dynamics at low abundance. The metacommunity dynamics, including the spread of the new 288 invader though the network and associated restructuring the local resident biomass distribution, were then simulated using the 289 SUNDIALS numerical ODE solver (Hindmarsh et al., 2005) over 500 unit times, t. Those species whose biomass dropped below 290 the detection threshold in all patches of the network were considered regionally extinct and removed from the system. By thus 291 iteratively adding species to the community we modelled a constant ux of invaders, which causes the regional assemblage to 292 self-organize, eventually converging on an equilibrium at which the invasion and extinction rates are equal on average. To reach 293 this equilibrium, total simulation time was chosen as 4000, 6000, 8000, 10000, and 12000 iterations for N ≤ 4, 6 ≤ N ≤ 10, where Bi represents total biomass of species i, as an approximation of the spatially resolved model (Eq. (3) ). The aim of 304 the following method is to arrive at a description of the eective interaction between pairs of species given the self-organized 305 spatial structure of metacommunity, which permits regional coexistence via spatial niche segregation. This requires integrating 306 ecological interactions over the entire landscape, which was done using the computational equivalent of a harvesting experiment, 307 under the assumption that interaction strengths can be inferred from the changes in regional abundances that result from 308 controlled changes in the regional abundances of harvested species (Gilbert et al., 2014) . Specically, we asked how the steady 309 state community responds to spatially unselective, light harvesting of a single species in the full model, and determined the 310 coecientsĈij of the unresolved model such as to obtain identical responses to linear order in the harvesting rate. The most computationally ecient way of conducting the corresponding experiment for the meta-community is to use a 314 numerical approximation of the Jacobian matrix. In doing so, we assume simulated metacommunities to be at xed points, an 315 approximation that is justied retrospectively by the apparent ecacy of the method. The elements of the Jacobian are given 316 by the general equation 317 Jixjy = ∂fix(b11, . . . , bS1, . . . , b1N , . . . bSN ) ∂bjy ,
evaluated at equilibrium. The functions fix denote the right hand side of Eq. (3).
318
Light harvesting of a single focal species i at a rate h brings about a small shift in the equilibrium biomasses of the other 319 species in the metacommunity and the dynamics of the harvested community near the unharvested equilibrium (b * jy ) can be 320 approximated by 321
322
Here h is the harvesting rate. We vectorize the matrix B (denoted B) such as to match the dimensionality of the spatially 323 resolved Jacobian, and the write the equilibrium condition for Eq. (8a) as 324
where the elements of vector H are hb * jy for j = i and 0 otherwise. From this, we obtain
The left hand side of Eq. (10) represents the local shift in biomasses due to the harvesting of the focal species i per unit h. Temporal species richness and turnover in community composition were computed for a metacommunity at regional diversity 333 limits for a period corresponding to 500 ecological invasions (Fig. 4) . Species richness analysis requires the application of 334 some presence-absence criterion. We assess local community diversity by reference to the source populations only, since sink 335 populations are eectively decoupled from local ltering processes by dispersal. 336
Following the 500 invasions, species were removed in reverse order of regional abundance, in order to model a large scale 337 mass extinction process. A single metacommunity of N = 20, φ = 2 was used for this analysis.
similarity. An arbitrary initial metacommunity composition was selected (T = 0 in Fig. 4A ) and the relative compositional B: The eigenvalue spectrum of a typical regional-scale competitive overlap matrix C. Both analyses strongly suggest the mechanism regulating diversity at the metacommunity scale is the loss of ecological structural stability. with that of its sub-matrix matrix A source (black circles) corresponding to source populations only, for a randomly selected local community at regional diversity equilibrium. The spectrum of A source demonstrates the role of structural instability in regulating the diversity of the key, locally sustained component of the local assemblage. 
